Contribution of genetic predisposition to risk prediction of type 2 diabetes mellitus (T2DM) was investigated using a prospective study in middle-aged adults in Korea. From a community cohort of 6,257 subjects with 8 yr' follow-up, genetic predisposition score with subsets of 3, 18, 36 selected single nucleotide polymorphisms (SNPs) (genetic predisposition score; GPS-3, GPS-18, GPS-36) in association with T2DM were determined, and their effect was evaluated using risk prediction models. Rs5215, rs10811661, and rs2237892 were in significant association with T2DM, and hazard ratios per risk allele score increase were 1.11 (95% confidence intervals: 1.06-1.17), 1.09 (1.01-1.05), 1.04 (1.02-1.07) with GPS-3, GPS-18, GPS-36, respectively. Changes in AUC upon addition of GPS were significant in simple and clinical models, but the significance disappeared in full clinical models with glycated hemoglobin (HbA1c). For net reclassification index (NRI), significant improvement observed in simple (range 5.1%-8.6%) and clinical (3.1%-4.4%) models were no longer significant in the full models. Influence of genetic predisposition in prediction ability of T2DM incidence was no longer significant when HbA1c was added in the models, confirming HbA1c as a strong predictor for T2DM risk. Also, the significant SNPs verified in our subjects warrant further research, e.g. gene-environmental interaction and epigenetic studies.
INTRODUCTION
Although type 2 diabetes mellitus (T2DM), a prevalent and complex disease, is known to be caused by combinations of genes and environmental factors, the genetic contribution is not clearly evaluated. Dozens of single nucleotide polymorphisms (SNPs) in association with T2DM were identified by genome-wide association studies (GWAS), such as PPAR, KCNJ11, TCF7L2, CD KAL1, CDKN2A/B, and FTO (1, 2) . However, contribution of SNPs to development of T2DM was found to be limited, with reported estimates of genetic contribution to heritability for T2DM unveiled by GWAS as 6%-15% (3, 4) .
Genetic predisposition, expressed in scores of combined risk alleles of SNPs discovered from GWAS, has been used in researches on utilizing genotype information for practical use. One of them is constructing risk prediction models (5) (6) (7) , which so far have shown limited improvement in prediction ability on T2DM risk, compared to common risk factors (3, 8) .
While limited explanation ability by SNPs on T2DM still remains as a challenge, possibility of disparity in predictive performance by study design and population characteristics has been pointed out (9) . As most of the polygenic T2DM predic-tion studies are based on Caucasian populations, extending the research to non-European subjects has been strongly recommended (10) .
Therefore, we aimed to explore the contribution of genetic variants on T2DM in a different ethnicity using a well-designed prospective data from a community-based cohort study in Korea. With SNPs found to be in association with T2DM from previously reported studies, we made a genetic predisposition score (GPS) in constructing the prediction models in a cohort study of 8-yr follow-up.
MATERIALS AND METHODS
The Anseong-Ansan Cohort Study, one of the 3 prospective community-based cohort studies from the Korean Genome and Epidemiology Study (KoGES), begun with 10,038 subjects aged 40 to 69 yr at baseline (2001) (2002) (2003) . Whole-genome sequencing using Affymetrix 500K Array (Affymetrix, Santa Clara, CA, USA) was performed in 8,842 randomly selected subjects during the baseline investigation period, and unphased genotypes were imputed with Japanese+Chineses HapMap phase 2 haplotype panel using IMPUTE version 2 (http://mathgen.stats.ox.ac.uk/ http://dx.doi.org/10.3346/jkms.2015.30. 8.1101 impute). Follow-up studies are carried out in 2-yr intervals, at 2003-2005, 2005-2007 , and so on. In this study, we used 8-yr follow-up data, collected biennially until the 4th follow-up (2009) (2010) (2011) . Details regarding the KoGES, including methods and quality control for the genotyping, have been described in previous reports (11, 12) .
At baseline, we excluded 2 subjects without any information needed for T2DM definition, 683 subjects with history of DM diagnosis/treatment or in current oral hypoglycemic medication/insulin therapy for DM, and 544 subjects with glycated hemoglobin (HbA1c) ≥ 6.5% or fasting plasma glucose (FPG) ≥ 7.0 mM/L or plasma glucose level 2-hr after ingestion of 75 g oral glucose load (2 hr-OGTT) ≥ 11.1 mM/L. From 8,809 subjects at baseline, 954 (10.8%) subjects were eliminated due to follow-up loss after fourth follow-up in 2009-2011. Of the remaining 7,855 subjects, we excluded another 945 (12.0%) subjects who had not been selected for genotyping procedures at baseline. Thus 6,910 subjects remained for analysis ( Fig. 1 ). Incident T2DM cases at each follow-up was identified as corresponding to at least one of the following definitions: HbA1c ≥ 6.5%, FPG ≥ 7.0 mM/L, 2 hr-OGTT ≥ 11.1 mM/L, or in treatment state for T2DM with insulin or oral hypoglycemic medication since the last follow-up or two years' period.
In our study, we tested 38 SNPs reported to be in association with T2DM in Korean or East Asian population, from GWAS meta-analysis or candidate gene analysis that partly or entirely used KoGES baseline data (11, 13, 14) . We investigated frequency of risk alleles of each SNP, and calculated hazard ratios (HR) and 95% confidence intervals (CI) by the risk allele on the incident T2DM in our study subjects by Cox's proportional hazard functions. For GPS, numbers of risk alleles of selected SNPs were combined to a continuous variable, ranging from 0 to number of selected SNPs multiplied by 2. We also calculated weighted GPSs to adjust for different effect estimates of each SNP in association with T2DM, using relative effect sizes from the association analysis. Thus, higher GPS indicate a higher genetic predisposition to T2DM (15) .
Statistical analysis
Cox's proportional hazard functions were used to estimate HR and their 95% CIs. Stepwise procedures were used for variable selection in the prediction model. First, we tested all a priori covariates in a univariate Cox regression model at significant level of P value ≤ 0.2, then fitted all significant and non-significant covariates in multivariate Cox regression models with P value ≤ 0.15 required for inclusion in backward and forward selection procedures, respectively. Finally, we used stepwise selection with the selected covariates with P value ≤ 0.15 to attain the main-effects model. Likelihood ratio test was used for all covariate inclusion/exclusion decisions (16) .
From the full model with all selected variables, we also constructed several subset models in accordance with previous literature (5, 17) . For all subset models, we evaluated discrimination, calibration and risk reclassification after adding risk alleles (i.e. GPS) in the models. C-statistics and Hosmer-Lemeshow chi-square test were used to test for model discrimination and calibration, and net reclassification index (NRI) and integrated discrimination improvement (IDI) were analyzed to examine risk reclassification upon addition of selected risk alleles (18) .
A two-tailed P < 0.05 indicated statistical significance. Statistical analyses were performed using SAS version 9.3 (SAS Institute, Cary, NC, USA) and Stata/SE 13.0 (StataCorp LP, College Station, TX, USA).
Ethics statement
Informed written consent was obtained from all participants, and the study protocol was approved by the institutional review board of the Korea Centers for Disease Control and Prevention (KCDC) as well as Seoul National University Hospital (IRB No. 1306-046-495).
RESULTS
Mean age of subjects were 51.8 yr at baseline, and males accounted for 47% of the total 6,910 subjects. Over the 8-yr followup, 1,240 (18.0%) were defined as incident T2DM cases ( Table  1) . As well as variables tested for prediction modeling (i.e. age, body mass index [BMI], triglyceride [TG], FPG, HbA1C, etc.) GPSs were higher in incident diabetic cases compared to those who remained non-diabetic (P value < 0.001).
Among the selected 38 SNPs, three SNPs, rs10811661 (CDK Table  2 ). In constructing GPS, we eliminated rs7756992 and rs71724 32 as they showed strong linkage with rs9465871 (D' = 0.977, r 2 = 0.933) and rs1436955 (D' = 1, r 2 = 0.627), respectively. We constructed three GPSs with differently selected SNPs, i.e. 1) GPS-3 with three SNPs in significant association with T2DM in our study subjects (range 0-6); 2) GPS-18 with 18 SNPs analyzed by Affymetrix 500K (range 0-36); 3) GPS-36, with addition of 18 further SNPs attained through imputation of HapMap data (range 0-72). After stepwise selection procedures, age, BMI, family history of T2DM, hypertension history, regular physical exercise, and clinical indices such as triglyceride, FPG, and HbA1c as well as GPSs were selected as variables for risk prediction modeling. We used subsets of variables in building simple (information from questionnaires and anthropometric measurements, i.e. age, BMI, family history of T2DM, history of hypertension, regular physical excercise), clinical (variables from simple model plus clinical examination data, i.e. serum TG, HDL-cholesterol, FPG levels), and full clinical (variables from clinical model plus serum HbA1c level) models. Within the models, we tested for significant changes in discrimination and reclassification by the prediction models upon addition of GPS-3 (Table 3) , GPS-18 (Table 4 ) or GPS-36 (Table 5 ).
Hazard ratios for T2DM incidence per risk allele score increase were 1.11 (95% CI 1.06-1.17, full clinical model), 1.03 (1.01-1.06), and 1.04 (1.02-1.07), in cases of GPS-3, GPS-18, and GPS-36, respectively. This relationship was significant across all three models, and HRs analyzed with weighted GPSs also showed significant results (1.11; 95% CI, 1.06-1.17, full clinical model), 1.03 (1.01-1.05), and 1.04 (1.01-1.05) with GPS-3, GPS-18, GPS-36, respectively).
Evaluation of risk prediction in addition to GPSs is also shown in Tables 3-5. In case of comparing prediction models with or without GPS-3 (Table 3) , subtle significant changes in area under the curve (ΔAUC) were found across all three models (ΔAUC; 0.007 [P = 0.044], 0.005 [P = 0.007], 0.003 [P = 0.024] for simple, clinical, full clinical models, respectively), while reclassification analysis showed significance with simple and clinical models but not with full clinical model, where HbA1c is lastly added 
DISCUSSION
From a community cohort of 8-yr follow-up in Korea, we observed some influence of genetic predisposition drawn from genotype information on 3, 18, and 36 selected SNPs, on risk of T2DM incidence. The significant discrimination or reclassification indices upon addition of GPS in simple and clinical models were on longer observed in full models, i.e. when HbA1c was finally included, and this tendency was consistent across all three tested GPSs. Risk prediction modeling for T2DM on the same Anseong-Ansan cohort population had been carried out previously, at 4-yr follow-up and without considering for genetic predisposition. The authors also had focused on the HbA1c variable, which substantially increased NRI (12.8%) upon addition to the prediction model (12) . Another 5-yr follow-up cohort study on Japanese population also reported FPG and HbA1c together were effective predictors for T2DM incidence (19) . Lastly, a case-cohort research from European Prospective Investigation into Cancer and Nutrition (EPIC)-Potsdam study that utilized metabolic markers including HbA1c as well as genetic markers in predicting T2DM risk, found that addition of genetic information to metabolic markers, age, anthropometry, and lifestyle characteristics, did not significantly improve disease prediction, while FPG and HbA1c considerably contributed to the prediction (20) . Thus, as an indicator of chronic glycemia, it is convincible that HbA1c is a strong indicator of T2DM prediction, well over information on genetic predisposition (21) . Our results, where the apparent influence by genetic variation on T2DM prediction weakened in the final model including HbA1c, strongly support the previous findings. At the same time, the decrease in prediction ability across the simple, clinical and full clinical models also imply that HbA1c is a phenotype already inherent and reflected by the genetic predisposition, as confirmed by significant association between the selected SNPs and HbA1c levels in our subjects (Supplementary Table 2 ). To our knowledge, ours is one of the few studies that utilized information on both genetic predisposition and HbA1c in testing T2DM risk prediction model, especially in a non-European ethnicity.
As younger populations are subject to less developed clinical risk factors, confirming our findings in a younger population would be meaningful. In younger adults, HbA1c may be a less important factor in predicting T2DM, and influence by genetic variation may persist even after multiple-variable adjustment (17) . However, inconsistent and non-significant results were found in subjects ≤ 50 yr old in our study (results not shown). This may be explained by poor validity due to much decreased number and the baseline characteristic of the middle-aged participants, who may have already begun developing subclinical metabolic disorders.
We have selected SNPs already validated from previous stud- ies that included genetic information from the same Anseong-Ansan cohort for GWAS or meta-GWAS analyses. Also, the association tests between the SNPs and T2DM incidence (or prevalence) were restricted to East Asian populations. This method has advantage over a single GWAS in the study population, which face insufficient validity of results due to small number of subjects and limited resource for independent population with identical ethnicity for replication. On the other hand, the major disadvantage of this method is possibility of overfitting. The significant SNPs found in our study, already replicated in studies including the same subjects, could otherwise be interpreted as those that show strong association specifically in our Anseong-Ansan cohort subjects. Again, this problem could be overcome by replication in an independent population of identical ethnicity. The pros and cons of using validated SNPs for which information from same subjects were utilized as subset data warrant further investigation. Three SNPs with significant HRs found in our study were KC NJ11 (rs5215), CDKN2A/B (rs10811661), and KCNQ1 (rs22378 92), and their HRs were about 1.3. Insulin secretion is the main explained function of the three genes, with CDKN2A/1B in re-lation with development of pancreatic β-cells, while KCNJ11 and KCNQ1 are related with the β-cell dysfunction (22) , and effects of these genotype variants on T2DM have been tested in East Asian populations (11, 23, 24) . KCNJ11 (potassium inwardly-rectifying channel, subfamily J, member 11) regulates glucosedependent insulin secretion, and its mutations have been reported to cause severe neonatal diabetes (25) . It consists a subunit of sulfonylurea receptor, and the mutation can alter response to sulfonylurea treatment in T2DM patients (26). CDKN2A/B (cyclin-dependent kinase inhibitor 2A/B) and KCNQ1 (potassium voltage-gated channel, KQT-like subfamily, member 1) are known to be associated with impaired pancreatic β-cell function (22) . Mutation in rs10811661 is also known for its association with myocardial infarction, to which T2DM is a high risk factor (27).
In the prediction models that included GPSs, we found independent effects of family history of T2DM and GPS on T2DM risk, with greater HRs by family history than GPS across all subset models with all three GPSs. Our results support speculations that family history may provide more information from shared environmental influence, i.e. non-genetic familial behaviors http://dx.doi.org/10.3346/jkms.2015.30.8.1101 such as lifestyle and dietary habits, than inherited genetic influence alone (5, 6) . Thus, while considering family history of T2DM is necessary in investigating genetic influence by the risk alleles, we also suggest research on gene-environment interactions and epigenetics to be continuously encouraged (3, 28) . Although we constructed risk prediction models from a prospective cohort study, duration of follow-up was relatively short. Longer follow-up duration could improve prediction ability of genetic variants relative to time-varying factors e.g. clinical examination findings, as discrimination power of GPS increase with extended follow-up period (7, 10) . Also, we could not consider lifestyle risk factors such as smoking and diet in our prediction model due to statistical insignificance of their influence on T2DM and subsequent elimination by statistical procedures, despite the alleged influence to the disease (29). As studies have also reported some interaction effect between behavioral risk factors and genetic polymorphisms as well as significant effect of lifestyle intervention in subjects with high genetic risk scores (30), further investigations on gene-lifestyle interaction may be required.
In conclusion, we observed influence of genetic variation, de-scribed by subsets of selected SNPs, on risk prediction of T2DM incidence in a 8-yr cohort of middle-aged Koreans, but the significance in discrimination and reclassification of prediction ability disappeared when information on HbA1c levels were added. We have also verified three SNPs in significant association with T2DM in our subjects, and our results as elementary findings may contribute to expanded genetic studies. Adjusted for age, BMI, hypertension history, family history of T2DM, regular physical activity, and serum levels of TG, HDL-cholesterol, FPG.
